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Available online 2 December 2015Branch migration of Holliday junction (HJ) DNA in solution is a spontaneous conformational change between
multiple discrete states.We applied single-molecule ﬂuorescence resonance energy transfer (smFRET)measure-
ment to three-state branch migration. The photon-based variational Bayes-hidden Markov model (VB-HMM)
method was applied to ﬂuorescence signals to reproduce the state transition trajectories and evaluate the tran-
sition parameters, such as transition rate. The upper limit of time resolution suggested in simulation was nearly
achieved for the state dynamics with relatively small FRET changes, and the distinctions in the populations of dif-
ferent stateswere successfully retrieved.We also discuss the suitability of the HJ as a standard sample for smFRET
dynamics measurements and data analysis.
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Fluorescence resonance energy transfer (FRET) is one of the most
powerful methods for investigating the structural dynamics of biomole-
cules, such as proteins. In particular, single-molecule FRET (smFRET)a 351-0198, Japan.
. This is an open access article undermeasurement allows the tracking of asynchronous processes free from
the ensemble average. However, since ﬂuorescence from a single mole-
cule is weak, FRET signals tend to show a low signal-to-noise ratio. To
overcome this drawback, various data analysis methods, such as the
hidden Markov model (HMM) [1–5] or change point detection (CPD)
[6,7], have been developed to extract information and reproduce
the state transition trajectory (STT) under the assumption of a ﬁnite
number of conformational states. Using the photon-based variationalthe CC BY license (http://creativecommons.org/licenses/by/4.0/).
22 K. Okamoto, Y. Sako / Biophysical Chemistry 209 (2016) 21–27Bayes-HMM (VB-HMM) [4], which treats the time stamp or the photon
counting signal, it is feasible, in principle, to achieve the highest time
resolution.
For the evaluation of newly developed measurement techniques or
data analysis methods for smFRET dynamics, the Holliday junction (HJ)
is often employed [2,4,8,9]. The HJ is a four-way junction structure com-
prising four DNA strands, which arises in homologous and site-speciﬁc
genetic recombination [10–12] or DNA repair [13]. The HJ exhibits two
types of spontaneous conformational dynamics in solution (Fig. 1).
The ﬁrst type of spontaneous conformational dynamic is theﬂip-ﬂop
motion between two isomers, the so-called stacked structures. These
stacked conformations are stabilized by Mg2+ ions in solution, as
shownby thebold arrows in Fig. 1(a). The other conformational dynam-
ic of the HJ is branchmigration, which is themovement of the crossover
point caused by the rearrangement of base-pairs (bp) near the junction.
The ﬂip-ﬂop motion is easily observed as two-state dynamics with a
large FRET change from the labeling dyes on two of the HJ arms
(e.g., dashed blue and green circles in Fig. 1(a)) [2,8,9,14], which is suit-
able for demonstrating detection of FRET changes, although this conﬁg-
uration is not used in this paper. However, FRET changes in general
biological specimens, including proteins, are not always so large and
may not be two-state dynamics. A measurement method, including
data analysis, may be required to resolve multi-state dynamics withTAGCATA
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Fig. 1. (a) Two types of conformational dynamics of Holliday junctions (HJs). Transitions in th
stacked structures via an intermediate extended structure. Horizontal motion represents bran
pairs near the junction. The three colored circles show the labeling positions of the ﬂuorescen
and the green probes changes drastically from the ﬂip-ﬂop motion (this conﬁguration is not u
but is insensitive to the ﬂip-ﬂop motion. (b) Base sequences near the junction of the three-sta
to the range of migration. Circled bases stabilize the junction according to Hays et al. [24].smaller FRET differences. Branch migration is the dynamics involving
multiple states with relatively small FRET differences, and is observable
by smFRET using a different labeling strategy (e.g., the green and red cir-
cles in Fig. 1(a)) [4,15,16,17].
In this paper, we demonstrate smFRET measurement with photon-
based VB-HMM analysis to investigate three-state branch migration.
The smFRET observations of similar systems have already been reported
[4,15,16,17], in which the researchers successfully resolved multiple
states. In this paper, the FRET dynamics were successfully detected
as the state transitioned between the three conformational states, and,
in addition, were quantitatively analyzed to retrieve the populations
of states and the time constants of transitions. Finally, we discuss
the availability of the HJ as a standard sample for smFRET dynamics
measurements.
2. Materials and methods
2.1. Sample preparation
A set of oligonucleotides (Japan Bio Services Co., Ltd., Saitama, Japan)
was synthesized for the assembly of the HJ. Four oligonucleotides were
annealed to form a four-way junction structure, as described previously
[15]. Since the crossing point of the HJ migrates by rearrangement ofTATA
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ch migration, which is the movement of crossover points by rearrangement of the base
t probes. Fluorescence resonance energy transfer (FRET) between the dashed blue probes
sed in this paper). FRET between the green and red probes varies with branch migration
te mobile HJ. Homologous sequences, which are represented by bold letters, correspond
Table 2
Sequence modiﬁcation for the immobile Holliday junctions (HJs). The square-bracketed
subsequences in Table 1 are replaced with those in this table. Vertical bars indicate the
position of the junction.
1 2 3 4
12 bp [TA CGA A|TA TA] [T ATA | A] [T|A TAT] [A TAT | TTC GTA]
14 bp [GC ATA CA|T AT] [A TA|A C] [GT | AAT] [A TT|T GTA TGC]
16 bp [GC ATA GCT | AT] [A T|TC C] [GG A|TT] [A A|AG CTA TGC]
23K. Okamoto, Y. Sako / Biophysical Chemistry 209 (2016) 21–27base pairs, the number of migration steps can be designed through the
base sequence. TheHJ exhibiting three branchmigration stateswas pre-
paredwith the sequences shown in Table 1. Sequences near the junction
corresponding to three states are shown in Fig. 1(b). The HJ is labeled
with Cy3 and Cy5 (cyanine dyes) as the FRET donor and acceptor on
strands 3 and 4, respectively.
In addition to the mobile HJ, which shows the branchmigration, we
also prepared three immobile HJs, the FRET of which corresponded to
that of each state of the mobile HJ. The sequences for the immobile
HJswere almost identical to those for themobile HJ, except that the sub-
sequences indicated by square brackets were replaced with the se-
quences shown in Table 2.
The HJs were immobilized on biotinylated bovine serum albumin
(BSA) (Sigma-Aldrich, St. Louis, MO, USA), which was adsorbed on a
glass surface via streptavidin (Jackson ImmunoResearch Laboratories,
Inc., West Grove, PA, USA) in TES buffer (pH 7.5, 10 mM Tris–HCl,
150 mM NaCl, and 1 mM ethylenediaminetetraacetic acid (EDTA)).
The solvent was exchanged with TN40M buffer (pH 7.5, 10 mM Tris–
HCl, 10 mM NaCl, and 40 mM MgCl2) for measurement with 50 mM
β-mercaptoethanol. A typical photobleaching lifetime was ~1 s owing
to the relatively high excitation power required to achieve a high pho-
ton rate for better time resolution.
2.2. Apparatus
Single-molecule FRET measurements were conducted on a confocal
microscope system, as described previously [4] with somemodiﬁcation.
The excitation laser used was a COMPASS 215 M-75 (Coherent, Santa
Clara, CA, USA) operated at awavelength of 532 nmdirected at the sam-
ple using a dichroic ﬁlter (LPD01-532DS; Semrock, Lake Forest, IL, USA).
The laser power at sample was ~0.17 μW. Fluorescence was detected
through a pinhole with a 100 μm diameter and a notch ﬁlter (HNPF-
532.0-1.0; Kaiser Optical Systems, Inc., Ann Arbor, MI, USA) to remove
residual laser light. After a dichroic ﬁlter (Q625LP; Chroma Technology
Corp., Bellows Falls, VT, USA) had been used to separate the ﬂuores-
cence into donor and acceptor channels, the light was focused onto an
avalanche photodiode (APD) single-photon-counting (SPC) detector
(SPCM-AQR, Perkin Elmer, Optoelectronics, Freemont, CA, USA). The
time stamp signal, which records the detection timeof every single pho-
tonwith a time resolution of 0.1 μs, was acquired by a PC equippedwith
a counter board (LPC-632104; Interface Corp., Hiroshima, Japan). The
measurement systemwas controlled using a LabVIEW (National Instru-
ments Corp., Austin, TX, USA) program written in-house.
2.3. FRET calculation
The compensated ﬂuorescence intensity (IC) and the FRET efﬁciency
(EFRET) were calculated as:
IC ¼ IAγ þ 1−
β
γ
 
ID ð1Þ
and
EFRET ¼ IA−βIDIA þ γ−βð ÞID
; ð2ÞTable 1
Base sequences of the three-state mobile Holliday junction (HJ). b5′ indicates a biotin-
modiﬁed 5′-end. TD and TA are thymines labeled with Cy3 and Cy5 as the ﬂuorescence
resonance energy transfer (FRET) donor and acceptor, respectively. Exchangeable bases
are underlined, indicating the movable range of branch migration.
1 b5′-TCT TTT GAT AAG CTT GCA A[TA CGA TAT AT]C TCG TAA TTT CCG GTT AGG T-3′
2 5′-ACC TAA CCG GAA ATT ACG AG[A TAT T]GA TGC ATG CAA GCT TCA CA-3′
3 5′-TGT GAA GCT TGC ATDG CAT C[AA TTG] AAT ACG TGA GGC CTA GGA TC-3′
4 5′-GAT CCT AGG CCT CAC GTA TT[C AAT ATC GTA] TATG CAA GCT TAT CA-3′where IA and ID are the detected ﬂuorescence intensities after subtrac-
tion of the background signals on the acceptor and the donor detectors,
respectively. γ corrects for differences in the dyes' quantum yields
and the detection efﬁciencies between dyes and detectors, whereas
β cancels the leakage of the donor ﬂuorescence onto the acceptor
channel. The typical values for γ and β in our system were ~2.53
and ~0.23, respectively. IC is introduced to check if the ﬂuorescence in-
tensity changes are caused by FRET. Since FRET transfers the energy
from the donor to the acceptor, the total consumed energy remains
constant, whereas the simple sum of intensity may vary with FRET
owing to some of the factors mentioned above. Instead, IC is compen-
sated by γ and β, and is kept constant even if FRET changes. However,
the constant IC does not guarantee that only FRET causes ﬂuorescence
intensity changes; if IC ﬂuctuates beyond the noise level, it is at least
possible to decide that ﬂuorescence intensity changes are caused
not by FRET but by photochemical phenomena such as blinking or
photobleaching [4].
2.4. Photon-based variational Bayes-hidden Markov model analysis
Time series data obtained from single-molecule experiments are
often subject to stepwise change among discrete signal levels. The
HMM assumes a limited number of states behind the data and assigns
each data point to one of those states to reproduce the hidden STT. A
set of parameters is deﬁned to describe themodel. The commonparam-
eters include the probability of initial state πi, which is equivalent to the
population of states, and the transition probability matrix A, of which
the element Aij represents the probability of transition from the i-th
to the j-th state (or the probability of remaining in the same state if
i= j) within a time-bin. A parameter set specifying each state is also de-
ﬁned. For smFRET analysis, the FRET efﬁciency Ei may be the principal
parameter for the i-th state. The likelihood function p(xn |θi) evaluates
how well xn is explained by the i-th state, where θi represents the pa-
rameter set for the i-th state including Ei. Solving HMMmeans ﬁnding
the optimum STT and parameter set to maximize the whole likelihood
function. Recently, the VB approach was introduced to solve the HMM,
and was shown to be more robust, especially in estimating the number
of states [3].
smFRET data can be modeled for the HMM analysis in several ways
depending on what kind of detector and signal are assumed [1,2,4].
The most common model may be the one that involves the EFRET
trajectory and assumes Gaussian distribution for each state. In this
case, each data point must be calculated from tens to hundreds of
photons to sufﬁciently suppress ﬂuctuation, resulting in loss of time
resolution. Recently, the “photon-based” smFRET model, which direct-
ly treats the photon distributions of the SPC signals, was introduced
[4]. The VB-HMM-PC-FRET model assumes the Poisson distributions
for the donor and acceptor SPC signals, and has been shown to be free
from degradation due to binning when sufﬁciently small time-bins are
used.
3. Results
The HJs were sparsely distributed and immobilized on a glass sur-
face. After taking a ﬂuorescence image by sample scanning, the micro-
scope focus was ﬁxed on a single HJ to acquire a ﬂuorescence time
24 K. Okamoto, Y. Sako / Biophysical Chemistry 209 (2016) 21–27series on two SPC detectors. Fluorescence signals were acquired in time
stamp mode and then converted to a time series of intensities by
binning in ﬁxed time intervals. Examples of ﬂuorescence trajectories
obtained from the three-state mobile HJ are shown in Fig. 2 with 5 ms
time-bins (top panel).
The trajectories of IC and EFRET, which were calculated from the
traces using Eqs. (1) and (2), are also shown in Fig. 2. IC seems almost
constant, which indicates that ﬂuorescence changes are caused by
FRET changes, not by photophysical phenomena, such as blinking or
photobleaching. Since IC and EFRET show stepwise changes, there seem
to be discrete FRET states.
To investigate further, we applied VB-HMM-PC-FRET analysis for
smFRET dynamics [4,18] to the ﬂuorescence trajectories, which were
reconstructed with 1 ms time-bins for the best analysis performance.
The results are shown in the middle and bottom panels of Fig. 2 as
red lines. As expected from the base sequence, three states were de-
tected, followed by two extra states, in which the donor and both
dyes were photobleached (Fig. 2(a)). In some other cases, only two or
one state was detected except for the donor-bleached state, as shown
in Fig. 2(b) and (c).
We repeated the same procedures of measurement and analysis
with 112 mobile HJs, excluding any data showing signiﬁcant ﬂuctua-
tions in IC. For most of the data, 1–3 states were detected. Two states
were most frequently detected, not three, presumably because the
photobleaching lifetime is not long enough to include all three states
in a single trajectory. Fig. 3(a) shows histograms of FRET, which were
assigned to the states detected by VB-HMM analysis.
smFRET measurements were also conducted with three types of
immobile HJs, each of which had a 12-, 14- and 16-bp separation be-
tween the dyes. VB-HMM assigned only one state for the majority of
the immobile HJ trajectories. Fig. 3(b) shows the histograms made
from 135, 63, and 50 of the one-state traces from each immobile HJ,
respectively. FRET distributions of immobile HJs show single peaks,
the order of which corresponds to the D-A distance, i.e., 12, 14, and
16 bp, with a FRET difference of ~0.1. To apply ﬁtting analysis, the cu-
mulative distributions of FRET for immobile HJs were plotted, as shown
in Fig. 3(d), because the ﬁtting analysis using the cumulative distribu-
tion function (CDF) is more accurate when the histogram (the proba-
bility distribution function (PDF)) is not very smooth [19,20]. Single
peaks of the immobile HJs were ﬁtted with single error functions,
and the center positions obtained were 0.30, 0.41, and 0.52, respective-
ly. The cumulative FRET distribution for the mobile HJ (Fig. 3(c)) ﬁtted12
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Fig. 2. Examples of experimental results of single-molecule ﬂuorescence resonance energy trans
Fluorescence intensities on donor (green) and acceptor (red) detector channels were plotted in
sated intensity IC (yellow) and FRET efﬁciency EFRET (blue) are shown in the middle and the bo
variational Bayes-hiddenMarkov model (VB-HMM)-PC-FRET analysis with 1 ms-binned ﬂuore
states, and (c) one state was detected, respectively. Red arrows in (a) indicate 2-base pair (bpwell with the three error functions with center positions of 0.28, 0.41,
and 0.51. This indicates that the mobile HJ changes its structure be-
tween those of the three immobile HJs. Gaussian distributions corre-
sponding to the ﬁtted error functions are shown in Fig. 3(a) and (b).
The fractions for each state of the mobile HJ were 0.46, 0.32, and 0.22,
respectively.
We assigned states detected within the STTs of mobile HJs to one of
three states (12, 14, or 16 bp) according to Fig. 3(b), and evaluated the
transition dynamics quantitatively. First, the total residence times
were integrated on each state and the fractions of population (πi)
were calculated to be 0.58, 0.35, and 0.07, respectively (Fig. 4(a)).
95% conﬁdence intervals were obtained from 1000 bootstrap replica-
tions as (0.51, 0.64), (0.28, 0.42), and (0.04, 0.10), respectively. This
population is different from those obtained in Fig. 3(a), presumably
because the fraction in Fig. 3(a) corresponds to the number of assign-
ment by VB-HMM analysis, i.e., each state is counted once at most
from a single trajectory, while πi is weighted with residence times at
each appearance.
We also evaluated the time constants of the state transition dynam-
ics from the reconstructed STTs. While the HMM gives the transition
probabilities as a matrix A, it is not useful in this situation because A is
evaluated from a limited number of transitions in a single time trace,
some of which do not contain all three states. Instead, we calculated A
as the ratio of the number of time-bins in which HJ was in the i-th
state, to the number of transitions from the i-th state from all traces,
and obtained:
A ¼
0:984 0:012 0:005
0:019 0:979 0:002
0:034 0:011 0:955
0
@
1
A: ð3Þ
The errorswere evaluated by the bootstrapmethod, and 95% conﬁdence
intervals obtained from 1000 bootstrap replications are summarized in
Table 3. The transition rates kij were calculated as kij ¼ Aij lnAiiðAii−1ÞΔt with bin
size Δt=1ms, as shown in Fig. 4(b). The subsecond time constants for
anMg2+ concentration of 40mMwere consistentwith past experimen-
tal results [8,15,16,17,21]. Itmust be kept inmind that these rates are ef-
fective rates of single branch migration steps since branch migration is
comprised of multiple processes, including the conformational change
between the stacked to the extended structure, the base-pair rearrange-
ment, etc., while A is calculated as the average transition probability.0.50.40.3
15
10
5
0
0.40.30.20.10.0
15
10
5
0
0.4
0.3
0.2
0.1
0.0
(c)
e (s) time (s)
fer (smFRET) time seriesmeasurements of the three-statemobile Holliday junctions (HJs).
5ms time-bins (top panel), while raw datawere acquired as time stamp signals. Compen-
ttom panel, respectively. The state transition trajectories (STTs) obtained by photon-based
scence traces are shown as red lines (middle and bottom panels). (a) Three states, (b) two
) hopping.
12
10
8
6
4
2
0
immobile HJs
 12bp
 14bp
 16bp
1.0
0.8
0.6
0.4
0.2
0.0
0.60.50.40.30.2
immobile HJs
 12bp
 14bp
 16bp
1.0
0.8
0.6
0.4
0.2
0.0
0.60.50.40.30.2
 mobile HJ
 fit with 3 ERFs
 ERF for 12bp
 ERF for 14bp
 ERF for 16bp
0.46 0.32 0.22
10
8
6
4
2
0
 mobile HJ
 fitting with Gauss
 Gauss for 12bp
 Gauss for 14bp
 Gauss for 16bp
pr
ob
ab
ilit
y 
de
ns
ity
 
FRET efficiency
cu
m
u
la
tiv
e 
di
st
rib
ut
io
n 
FRET efficiency
(a) (b)
(c) (d)
Fig. 3. Fluorescence resonance energy transfer (FRET) histograms reconstructed from state transition trajectories (STTs) obtained by variational Bayes-hiddenMarkovmodel (VB-HMM)
analysis for (a) the three-state mobile Holliday junction (HJ) and (b) immobile HJs. Cumulative distributions of FRET for (c) themobile HJ and (d) immobile HJs are ﬁtted with error func-
tions. Corresponding Gauss functions are plotted in (a) and (b). Numbers in (a) represent the fractions of the three states.
25K. Okamoto, Y. Sako / Biophysical Chemistry 209 (2016) 21–27We also extracted the residence times of each state before transi-
tions from STTs and plotted their distribution for six possible transition
paths, as shown in Fig. 5(a)–(f). While ﬁve of six histograms seem like
the single-exponential distributions, the transition from 14 bp to
12 bp showed a peak at non-zero time. Such a peaked distribution is
seen, for example, when multiple processes are included in the transi-
tion path. For more detailed analysis, the cumulative distributions
were plotted (crosses), as shown in Fig. 5(g)–(l). Each plot ﬁts better
with a double-exponential function (green curves) than a single-
exponential function (gray). For the transition from 14 bp to 12 bp, a
triple-exponential function with two positive and one negative ampli-
tudes showed a better ﬁt (yellow) than a double-exponential function
(Fig. 5(m)). The obtained rates are shown in theﬁgures. Fitted exponen-
tial components are shown as PDFs in Fig. 5 (a)–(f). The faster two
components of the 14 bp→ 12 bp transitionwere used to form a peaked50
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Fig. 4. (a) Total residence time in three states (12, 14, and 16 base pairs (bp)) evaluated
from state transition trajectories (STTs) of the mobile Holliday junction (HJ) analyzed
using the variational Bayes-hiddenMarkovmodel (VB-HMM). Numbers indicate the frac-
tions πi. (b) Transition networks in the three-state mobile HJs. Numbers along arrows in-
dicate transition rates (s−1) and ﬂows (s−1) (in parentheses).distribution. Time constants τ in Fig. 5(a)–(f) were calculated as the in-
verse of rates k in Fig. 5(g)–(l).
4. Discussion
We successfully detected transitions between multiple states with
relatively small FRET differences (ΔEFRET ~ 0.1) with subsecond time
constants. Previous studies have thoroughly investigated the accuracy
of photon-based VB-HMM analysis, and have concluded that the
time resolution is principally dependent on the average number of
photons within the residence time in each state [4]. For the states
with ΔEFRET = 0.1, ~300 photons on average per single stay in a
state are necessary to predict the correct number of states, and
~1000 photons are needed to reproduce the correct STT with N90%
accuracy of state-assignment to each data point. We deﬁned the time
resolution as the minimum average residence time to achieve the lat-
ter condition. Accordingly, the resolution of subsecond dynamics with
an average photon rate of ~15,000/s in our experiments indicates that
the upper limit of the time resolution was nearly achieved even with
experimental noise.
Various data analysis methods other than the photon-based VB-
HMMhave been developed to reconstruct the STT of smFRET dynamics,
including HMM [1,2], VB-HMM [3,5], and CPD [6,7]. However, it is difﬁ-
cult to directly compare performance between the different methods
given the lack of standard samples. Those who propose a new method
tend to apply those methods to arbitrary samples, such as proteins
they have experience with and an interest in. However, it is not alwaysTable 3
95% conﬁdence intervals for the state transition probabilities Aij in Eq. (3) obtained from
1000 bootstrap replications.
j
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exponential functions for the 14 bp→ 12 bp transition, as shown in (m). Fitted results are shown in (a)–(f) as PDFs. For the 14 bp→ 12 bp transition, the fast component in the PDF is a
peaked distribution composed of the faster two exponential components of the ﬁtted triple-exponential function. Rates kwith errors were obtained by ﬁtting and time constants τwere
calculated as their inverses. Dotted and dashed curves are the fast and slow components of the ﬁtting results, respectively.
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Alternatively, since DNA ismuch easier to treat than proteins and the HJ
is known to showdiscrete FRET changes, theHJ is often used in these ex-
periments. The researchers often observe theﬂip-ﬂopmotion because it
is relatively easy to detect its two-state transition and large FRET change
[2,8,9,14]. However, it is desirable to measure more realistic samples
similar to target proteins, which may have multiple states with smaller
FRET differences, in order to evaluate the performance. Speciﬁcally,
branch migration can be a model of such multi-state dynamics. While
the step size ofmigration isﬁxed to two base-pairs, the number of states
and the range of whole FRET changes can be designed by the base se-
quence. In addition, the migration rate can be controlled over four or-
ders of magnitude by the Mg2+ concentration [18], which allows the
testing of time resolution.
We evaluated the transition rates among three migration states of
the mobile HJ in two different ways, i.e., the transition probability A
in Eq. (3) and ﬁtting analysis on the CDFs in Fig. 5. Although theywere calculated from the same data set, those values are not identical.
The rates shown in Fig. 4 seem to almost correspond to the rates of
the slower components in Fig. 5. That might be because the residence
time distributions in Fig. 5 probably exclude long-occupied states be-
cause they do not count the states terminated by photobleaching.
For example, trajectories from which only one state was detected
by VB-HMM analysis were excluded from Fig. 5. In addition, it is
difﬁcult to consider the faster components in Fig. 5 in detail. Time res-
olution by the deﬁnition mentioned above corresponds to ~67 ms.
Care should be taken when interpreting data in the shorter time
range because the data may be inﬂuenced by artifacts of analysis.
Similarly, although it may seem meaningful, the peaked distribution
in Fig. 5(c) should be considered carefully. The HMM analysis is likely
to fail to detect brieﬂy occupied states, especially when they are inter-
mediate between the higher and the lower states. The peak may
be formed by just dropping very short 14 bp states in successive
16 bp→ 14 bp→ 12 bp transitions. Here, we do not consider the faster
27K. Okamoto, Y. Sako / Biophysical Chemistry 209 (2016) 21–27components in Figs. 5 and the following discussion is based on the re-
sults from Eq. (3) and Fig. 4.
As shown in Fig. 4(b), we depicted the transition networks of the
three-state mobile HJs with rates kij. As reported in our previous work
[4], we detected a direct transition between the 12-bp and 16-bp states
as indicated by red arrows in Fig. 2(a), in addition to transitions be-
tween adjacent states. That path corresponds to 2-bp hopping, which
is the direct evidence of multi-bp hopping, as suggested in recent stud-
ies [15,16,17], while 1-bp rearrangement was once considered an ele-
mentary process of branch migration [22,23]. We evaluated the ﬂows,
deﬁned as πikij, between the three states, as shown in Fig. 4(b) in paren-
theses. It can be seen that the detailed balance condition is almost satis-
ﬁed, suggesting that the state transitions, including 2-bp hopping, can
be explained as simpleMarkov processes on a static free energy surface.
Assuming equilibriumbetween the three states, thedifferences in depth
of the potential wells can be calculated as ΔGij =−kBT ln(πj/πi), where
kB is the Boltzmann's constant. Compared with the 16-bp state, the 14-
bp and 12-bp states are higher at ~0.5 kBT and ~2.1 kBT, respectively.
However, where these differences come from is not readily apparent.
Each state of branch migration is thought to be isoenergetic, because
migration does not change the number of hydrogen bonds or greatly
vary the torsional stress on the DNA backbone near the junction. One
possible explanation is a difference in the base sequence near the junc-
tion. Karymov et al. investigated the effect of sequence near the junction
onmigration kinetics and found that the GC-base pair impedes or slows
down migration [17]. However, none of the three states had GC pairs
around the junction in our mobile HJ (Fig. 1(b)). Hays et al. investigated
whether the stability of the junction structure was inﬂuenced by the
base sequence of up to three bases from the junction [24]. Their results
indicate that a cytosine at the third base from the junction on the
3′ strand primarily stabilizes the junction by hydrogen bonding. In addi-
tion, a pyrimidine at the second base and a purine at the ﬁrst base also
have a stabilizing effect. In our mobile HJs, the 16 bp state contained
one third cytosine (C3), three second thymines (T2), and three ﬁrst
adenines (A1), while the 14 bp state had zero C3, two T2, and zero A1,
and the 12 bp state had zero C3, two T2, and three A1, respectively
(circled in Fig. 1(b)). This suggests that the stability of the mobile HJ
states follows the order 16 bp N 12 bp N 14 bp, which is not consistent
with our results. However, Hays et al. investigated only the symmetric
constructs, which have the same sequences on all four arms, while our
mobile HJ's sequence was asymmetric between arms, even within
three bases from the junction. Although neither of the studies men-
tioned above directly apply to our system, they suggest that the effect
of the sequence on the junction stability is somehow unpredictable.
There seems to be a general rule, but with exceptions. Replacing
a base pair can drastically change the migration behavior. However,
sequence differences may not explain the fact that there seems to
be a higher barrier for the 12 bp↔14 bp transition than for the
12 bp↔16 bp path. Another possible explanation might be steric hin-
drance induced by the FRET labels. The state with higher FRET, which
has smaller separation between dyes, shows a smaller fraction of
residence. The dyes project from the double-strands linked by a
short hydrocarbon chain, while there might be quite a narrow space
between the double-strands near the junction in the X-shape of the
stacked structure. A widely opened junction occurring during 2-bp
hopping may avoid interference more readily. Nevertheless, com-
pared with the activation energy, ΔH‡, of ~40 kBT for the ﬂip-ﬂop mo-
tion or the free energy difference, ΔG, of ≥6 kBT for the stacked and
extended structures [25], a potential difference of 0.5–2 kBT may not
be signiﬁcant.
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